Maize is the most cultivated cereal in Africa in terms of land area and production, but low soil nitrogen availability often constrains yields. Developing new maize varieties with high and reliable yields using traditional crop breeding techniques in field conditions can be slow and costly. Remote sensing has become an important tool in the modernization of field-based high-throughput plant phenotyping (HTPP), providing faster gains towards the improvement of yield potential and adaptation to abiotic and biotic limiting conditions. We evaluated the performance of a set of remote sensing indices derived from red-green-blue (RGB) images along with field-based multispectral normalized difference vegetation index (NDVI) and leaf chlorophyll content (SPAD values) as phenotypic traits for assessing maize performance under managed low-nitrogen conditions. HTPP measurements were conducted from the ground and from an unmanned aerial vehicle (UAV). For the ground-level RGB indices, the strongest correlations to yield were observed with hue, greener green area (GGA), and a newly developed RGB HTPP index, NDLab (normalized difference Commission Internationale de I´Edairage (CIE)Lab index), while GGA and crop senescence index (CSI) correlated better with grain yield from the UAV. Regarding ground sensors, SPAD exhibited the closest correlation with grain yield, notably increasing in its correlation when measured in the vegetative stage. Additionally, we evaluated how different HTPP indices contributed to the explanation of yield in combination with agronomic data, such as anthesis silking interval (ASI), anthesis date (AD), and plant height (PH). Multivariate regression models, including RGB indices (R 2 > 0.60), outperformed other models using only agronomic parameters or field sensors (R 2 > 0.50), reinforcing RGB HTPP's potential to improve yield assessments. Finally, we compared the low-N results to the same panel of 64 maize genotypes grown under optimal conditions, noting that only 11% of the total genotypes appeared in the highest yield producing quartile for both trials. Furthermore, we calculated the grain yield loss index (GYLI) for each genotype, which showed a large range of variability, suggesting that low-N performance is not necessarily exclusive of high productivity in optimal conditions.
and optimal growing conditions in order to provide some initial insights on the potential of selecting for low-N-adapted maize genotypes. Then, we evaluate the performance of a set of remote sensing RGB VIs from natural color images acquired at the ground level and from a UAV platform compared with the performance of the field-based NDVI and SPAD sensors. Additionally, we evaluated how these different sets of plant phenotyping data contribute to improving multivariate model estimations of crop yield in combination with traditional agronomic field data, such as anthesis silking interval (ASI), anthesis data (AD), plant height (PH), and canopy senescence (SEN) in order to determine the level of improvements over traditional practices that they may provide.
Materials and Methods

Plant Material and Growing Conditions
Field trials for managed low-nitrogen and optimal fertilizer conditions were conducted at the International Center for Maize and Wheat Improvement (CIMMYT) regional station located in Harare, Zimbabwe (−17,800 S, 31,050 E, 1498 m.a.s.l.) (Figure 1 ). The soil of the station is characterized by a pH slightly below 6, with low managed nitrogen (LOW) treatment for all plots at 25-35% less N compared with the optimal standard fertilization application of 200 kg/ha, here defined as the optimum nitrogen (OP) according to established standard CIMMYT protocols [17] . A set of 49 new maize genotypes that were developed at CIMMYT and 15 commercial maize genotypes in Zimbabwe were selected for the study (Table A1 ). Seeds were sown during the wet season, on 16 December 2015, in two rows per plot; the rows were 4 m long and 75 cm apart (5.25 m 2 /plot), with 14 planting points per row and 25 cm between the plants within a row. The experiment was carried out in 192 plots with 3 replicates per variety. Both trials were rainfed only, being grown in the Zimbabwe rainy season, with local weather station data recording growing season mean temperature, humidity, and total rainfall of 26 • C, 68%, and 700 mm, respectively, effectively eliminating any chances of water stress even without irrigation. where GC is green canopy cover, YC is yellow canopy cover, and DC is dry canopy cover [17, 44, 51, 52] . This was measured 4 times during the experimental trial, but only the last SEN measurements from 5 April 2016 were used in this study.
Proximal and Aerial Data Collection
RGB remote sensing evaluations were performed on young maize plants (less than 5 leaves) on 28 January 2016, during the last week of January. For ground RGB VIs, vegetation indices were derived from one picture taken at the ground level for each plot (covering 40%-50% of each plot), and UAV RGB VIs were derived from whole plot coverage from the UAV RGB aerial image mosaic of the whole study area as shown in Figure 2 . At the ground level, one digital photograph was taken per plot with an Olympus OM-D E-M10 Mark III (Olympus, Tokyo, Japan), holding the camera at about 80 cm above the plant canopy in a zenithal angle and focused near the center of each plot. The images were acquired with a resolution of 16 megapixels with a Micro Four Thirds (M4/3) Live MOS sensor with a focal length of 14 mm, at a speed of 1/125 s with the aperture programmed in automatic mode at a resolution of 4608 × 3072 for a Ground Sample Distance (GSD) of 0.03 cm/pixel. RGB aerial images were acquired using an UAV (Mikrokopter OktoXL, Moormerland, Germany) flying under manual remote control at 50 m a.g.l. (altitude above ground level). The digital camera used for aerial imaging was a Lumix GX7 (Panasonic, Osaka, Japan), mounted on a two-axis gimbal with vibration reducers for stable image capture while in flight. Images were taken at a 16-megapixel resolution of 4592 × 2448 pixels using a 4/3'' sensor and a 20 mm focal length lens for an estimated GSD 0.9419 cm/pixel. These images were taken with a 1/160 second shutter speed and auto-programmed mode for maximum aperture at a rate of every 2 s for the duration of the flight and stored locally on microSD cards for subsequent processing. The measurements of the color calibration check and the vignetting calibration were taking the same day of the data collection. We used the ColorChecker Passport Photo (X-Rite, Inc. https://www.xrite.com/es/categories/calibration-profiling/colorchecker-passport-photo/), which has a panel of 24 industry standard color reference chips with published values in RGB, as well as the CIELab color space. The photos of this passport were taken with the cameras Olympus OM-D and Lumix GX7 in natural light conditions in a zenithal plane. With the software FIJI (Fiji is Just ImageJ, https://fiji.sc/, https://imagej.nih.gov/ij/), the calibration photos were imported and divided into the separate color channels of red, green, and blue and in the CIELab color space as lightness, a* and b* and then compared with the 24 published reference values of each standard chip with the photos of the passport taken with the different cameras.
With respect to vignetting calibration, one photo that was taken with the Lumix GX7 at 50 m was divided into the separate RGB and CIELab color space channels. On the R, G, B, hue, a*, and b* single band images, a line was drawn through the center for the X and Y axes in order to extract the The trials were harvested in mid-May of 2016, discarding 2 plants at each row end and harvesting the central 3.5 m of each row in order to reduce edge effects. Thus, the total harvested weight corresponded to an area of 5.25 m 2 (0.75 m apart × 2 rows × 3.5 m long), consisting of the same number of plants per plot (excepting locations of mortality). The cobs processed, and grains dried to approximately 12.5% moisture, such that grain yield (GY, t·ha −1 ) was calculated as follows, where X is the grain weight per plot: GY = (X (kg/plot) *10)/(5.25 m 2 )
The grain yield loss index (GYLI) as the stress index was calculated as: where GY at OP represents the potential grain yield in optimum-nitrogen conditions and GY at LOW corresponds to grain yield in low managed nitrogen conditions [38] .
Agronomic Parameters
PH was measured on 19 February 2016 as the length from the soil surface to the base of the tassel (excluding tassel length) using a ruler [49, 50] on two representative plants per plot before all plants were hand harvested and grain yield was assessed. ASI was determined by the number of days from sowing until 50% of plants extruded anther AD and the number of days from sowing until 50% of the plants show silks (silking date, SD), such that SD − AD = ASI. SEN was measured visually on a plot basis as the proportion of green leaves 2-5 weeks after anthesis on a 0-100 scale, where 0 = 0% canopy senescence and 100 = 100% canopy senescence (Equation (3)). That technique is based on the different color classes, and given that any part of a leaf with yellow or brown (dry) color was classified as undergoing or having succumbed to senescence, a senescence index was proposed as the ratio between senesced canopy and the total canopy cover:
where GC is green canopy cover, YC is yellow canopy cover, and DC is dry canopy cover [17, 44, 51, 52] . This was measured 4 times during the experimental trial, but only the last SEN measurements from 5 April 2016 were used in this study.
Proximal and Aerial Data Collection
RGB remote sensing evaluations were performed on young maize plants (less than 5 leaves) on 28 January 2016, during the last week of January. For ground RGB VIs, vegetation indices were derived from one picture taken at the ground level for each plot (covering 40-50% of each plot), and UAV RGB VIs were derived from whole plot coverage from the UAV RGB aerial image mosaic of the whole study area as shown in Figure 2 . At the ground level, one digital photograph was taken per plot with an Olympus OM-D E-M10 Mark III (Olympus, Tokyo, Japan), holding the camera at about 80 cm above the plant canopy in a zenithal angle and focused near the center of each plot. The images were acquired with a resolution of 16 megapixels with a Micro Four Thirds (M4/3) Live MOS sensor with a focal length of 14 mm, at a speed of 1/125 s with the aperture programmed in automatic mode at a resolution of 4608 × 3072 for a Ground Sample Distance (GSD) of 0.03 cm/pixel. RGB aerial images were acquired using an UAV (Mikrokopter OktoXL, Moormerland, Germany) flying under manual remote control at 50 m a.g.l. (altitude above ground level). The digital camera used for aerial imaging was a Lumix GX7 (Panasonic, Osaka, Japan), mounted on a two-axis gimbal with vibration reducers for stable image capture while in flight. Images were taken at a 16-megapixel resolution of 4592 × 2448 pixels using a 4/3" sensor and a 20 mm focal length lens for an estimated GSD 0.9419 cm/pixel. These images were taken with a 1/160 second shutter speed and auto-programmed mode for maximum aperture at a rate of every 2 s for the duration of the flight and stored locally on microSD cards for subsequent processing.
The measurements of the color calibration check and the vignetting calibration were taking the same day of the data collection. We used the ColorChecker Passport Photo (X-Rite, Inc. https: //www.xrite.com/es/categories/calibration-profiling/colorchecker-passport-photo/), which has a panel of 24 industry standard color reference chips with published values in RGB, as well as the CIELab color space. The photos of this passport were taken with the cameras Olympus OM-D and Lumix GX7 in natural light conditions in a zenithal plane. With the software FIJI (Fiji is Just ImageJ, https://fiji.sc/, https://imagej.nih.gov/ij/), the calibration photos were imported and divided into the separate color channels of red, green, and blue and in the CIELab color space as lightness, a* and b* and then compared with the 24 published reference values of each standard chip with the photos of the passport taken with the different cameras.
cross-image transect. Then, a filter was created using the hue band from the HSI color space in order to select only sunlight soil pixels and applied for R, G, B, a*, and b* to eliminate vegetation and shadowed pixels, and the digital numbers (DN) were extracted from each remaining point along the line in order to observe changes in albedo across the image axes. NDVI was measured on 28 January 2016 (at the same time as the RGB data) with the GreenSeeker active field sensor (GreenSeeker handheld crop sensor, Trimble, Ukiah, CA, USA), which uses a wavelength range of 650-670 nm and 765-795 nm for red and near-infrared, respectively. Additionally, SPAD chlorophyll meter (Minolta SPAD-502, Spectrum Technologies Inc., Plainfield, IL, USA) measurements were recorded on two different dates (at 3 and 5 weeks after the RGB and NDVI data), once on 18 February 2016 (SPAD vegetative stage, SPAD V ) and then again on 1 March 2016 (SPAD reproductive stage, SPAD R ). A total of 4 leaves were measured for each row for a total of 8 measurements per plot to provide a representative average value for each plot. Delayed SPAD sensor timing was due to availability and has been included for sensor technique as well as data capture timing comparisons. Different measurement timing details for the complete study are presented in Figure 3 for added clarity. With respect to vignetting calibration, one photo that was taken with the Lumix GX7 at 50 m was divided into the separate RGB and CIELab color space channels. On the R, G, B, hue, a*, and b* single band images, a line was drawn through the center for the X and Y axes in order to extract the cross-image transect. Then, a filter was created using the hue band from the HSI color space in order to select only sunlight soil pixels and applied for R, G, B, a*, and b* to eliminate vegetation and shadowed pixels, and the digital numbers (DN) were extracted from each remaining point along the line in order to observe changes in albedo across the image axes.
NDVI was measured on 28 January 2016 (at the same time as the RGB data) with the GreenSeeker active field sensor (GreenSeeker handheld crop sensor, Trimble, Ukiah, CA, USA), which uses a wavelength range of 650-670 nm and 765-795 nm for red and near-infrared, respectively. Additionally, SPAD chlorophyll meter (Minolta SPAD-502, Spectrum Technologies Inc., Plainfield, IL, USA) measurements were recorded on two different dates (at 3 and 5 weeks after the RGB and NDVI data), once on 18 February 2016 (SPAD vegetative stage, SPAD V ) and then again on 1 March 2016 (SPAD reproductive stage, SPAD R ). A total of 4 leaves were measured for each row for a total of 8 measurements per plot to provide a representative average value for each plot. Delayed SPAD sensor timing was due to availability and has been included for sensor technique as well as data capture timing comparisons. Different measurement timing details for the complete study are presented in Figure 3 for added clarity.
Image Processing
For the RGB images captured from the UAV platform, Agisoft PhotoScan Professional software (Agisoft LLC, St. Petersburg, Russia) was employed using a total of 63 overlapping images to produce an accurate image mosaic with at least 80% overlap, and this presented a resolution of 11772 × 4932, as seen in Figure 1 . As the aerial images were acquired in clear sky conditions at the same time as the ground RGB images, no cross-calibration radiometric corrections were deemed necessary. The open source image analysis platform FIJI [53] (Fiji is Just ImageJ; http://fiji.sc/Fiji) was used to segment regions of interest for each row for the plots to be cropped in order to produce a single micro image per plot. RGB pictures were subsequently analyzed using a version of Breedpix 0.2 software adapted to JAVA8 and integrated as part of the MaizeScanner, an open-source and open access FIJI plugin that also provides for the implementation of TGI and NGRDI, as well as some specific analyses for maize research-related maize lethal necrosis impact quantification (https://github.com/sckefauver/CIMMYT).
Within FIJI, images were processed to convert RGB values into indices based on RGB broadband reflectance and also for color quantification from the HSI, CIELab and CIELuv color spaces. The TGI is calculated as the area of a triangle from the matrix determinants after factoring the terms:
where A is the triangular area; λ1, λ2, and λ3 are the center wavelengths for the three image bands; and R1, R2, and R3 are reflectance values for the three image bands, respectively. The order of bands is not important, but the order will affect whether the result is positive or negative. Starting with R1 as R670 (red), R2 as R550 (green), and R3 as R480 (blue) for convenience:
where TGI has units of wavelength × reflectance, so using nm wavelength units or percent reflectance does not affect the value of TGI after the units are converted. We used digital camera bands of red, green, and blue broadband reflectance centered approximately at 670, 550, and 480 nm, respectively, so that λ1, λ2, and λ3 were the centers of the wavebands, and R1-R3 were the waveband reflectance values [54] .
We used the NGRDI to analyze the images from the digital camera:
where R550 and R670 are the reflectance values of the green and red bands of the RGB camera, respectively. The difference between green and red light reflectance differentiates well between plants and soil due to the absorption of chlorophyll at R670, and the sum normalizes for variations in light intensity resulting in a possible range from −1.0 to 1.0, with NGRDI values mostly between −0.2 and 0.5, ranging from soil to healthy vegetation [55] . As described previously, the HSI color space index GA is calculated as the percentage of pixels in the hue range from 60 to 180 • , including from yellow to bluish green, while the GGA includes a more restrictive H range from 80 to 180 • , excluding yellowish-green tones that might be partially stressed or senescent. Subsequently, the CSI was calculated in agreement with [38, 44] as follows:
In addition, we developed two new different vegetation indices, modeled after NDVI, such that values of soil fall closer to 0 and vegetation closer to 1. In order to do so, because the a* and the u* image values for green are both negative, those values were placed first but using the complement of a* so that greener vegetation gives a higher value, as would the near-infrared of NDVI. As b* and v* both have more yellowish values with higher values, no inversion was necessary [38, [56] [57] [58] . The normalized difference between a* and b* (NDLab) through the color space CIELab is as follows:
The normalized difference between u* and v* (NDLuv) through the color space CIELuv is as follows:
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By inverting a* and u*, more green vegetation becomes a positive contribution to the index, while more red/brown soil background reduces the index value. Then, dividing by b* and v*, an increase in yellow chlorotic vegetation will reduce the index. The addition of 1 provides for a more balanced equation for positive values for crops from NDLab and NDLuv using CIELab and CIELuv; normalization then limits the index to values between −1 and 1, with most crops between 0 and 1. 
For the RGB images captured from the UAV platform, Agisoft PhotoScan Professional software (Agisoft LLC, St. Petersburg, Russia) was employed using a total of 63 overlapping images to produce an accurate image mosaic with at least 80% overlap, and this presented a resolution of 11772 × 4932, as seen in Figure 1 . As the aerial images were acquired in clear sky conditions at the same time as the ground RGB images, no cross-calibration radiometric corrections were deemed necessary. The open source image analysis platform FIJI [53] (Fiji is Just ImageJ; http://fiji.sc/Fiji) was used to segment regions of interest for each row for the plots to be cropped in order to produce a single micro image per plot. RGB pictures were subsequently analyzed using a version of Breedpix 0.2 software adapted to JAVA8 and integrated as part of the MaizeScanner, an open-source and open access FIJI plugin that also provides for the implementation of TGI and NGRDI, as well as some specific analyses for maize research-related maize lethal necrosis impact quantification (https://github.com/ sckefauver/CIMMYT).
where A is the triangular area; λ1, λ2, and λ3 are the center wavelengths for the three image bands; and R1, R2, and R3 are reflectance values for the three image bands, respectively. The order of bands is not important, but the order will affect whether the result is positive or negative. Starting with R1 as R670 (red), R2 as R550 (green), and R3 as R480 (blue) for convenience: 
Statistical Analysis
Statistical analyses were conducted using the R project for statistical computing [59] in combination with R studio [60] . The maize crop physiological traits were analyzed using ANOVA and Fisher's Least Significant Difference (LSD) tests (α = 0.05) in order to test the effects of growing conditions on the different traits. The results of the canopy level image averages per picture taken at the ground level were compared with the canopy level whole plot averages of the UAV images ( Figure 2 ) with Pearson correlation coefficients and ANOVA analyses. Pearson correlation coefficients of the different remote sensing indices were additionally compared against grain yield. Multiple regressions were calculated with GY as the dependent variable and the different indices as independent variables using forward stepwise methods with the stepAIC () function of the MASS R package. The figures were also drawn using the R studio software.
Results
The Effect of Optimal Condition and Low Managed Nitrogen on grain yield
The range of yield in the LOW treatment was between 1.53 tn/ha and 4.43 tn/ha, while for OP it ranged between 6.68 tn/ha and 12.30 tn/ha; the GYLI range was from 46.88% to 85.22% (Table 1) . On the other hand, significant differences in GY between genotypes were observed in this study for (Table A1 ), but in order to standardize for comparisons between the two treatments, we divided the genotypes into quartiles by yield. Therefore, in Figure 4 the results show the 64 genotypes divided in quartiles as high yield (HY), medium high yield (MHY), medium low yield (MLY), and low yield (LY). The ANOVA for the OP and LOW treatment demonstrated that there were significant differences in GY between all of the quartiles of genotypes. The range of yield in the LOW treatment was between 1.53 tn/ha and 4.43 tn/ha, while for OP it ranged between 6.68 tn/ha and 12.30 tn/ha; the GYLI range was from 46.88% to 85.22% (Table 1) . On the other hand, significant differences in GY between genotypes were observed in this study for the two different conditions (Table A1 ), but in order to standardize for comparisons between the two treatments, we divided the genotypes into quartiles by yield. Therefore, in Figure 4 the results show the 64 genotypes divided in quartiles as high yield (HY), medium high yield (MHY), medium low yield (MLY), and low yield (LY). The ANOVA for the OP and LOW treatment demonstrated that there were significant differences in GY between all of the quartiles of genotypes. In Table 2 , the results additionally demonstrate that 44% of the genotypes that belonged in the top HY group grown under OP conditions remained in the HY group in the LOW condition. Similarly, 19% of the genotypes in the OP condition LY group were also in the LOW condition LY group. This suggests that while high yield under both low-N and optimal-N conditions is not completely exclusive, previous breeding efforts have perhaps been more focused on yield in optimal conditions without considering the robust performance of a genotype in other potential growing conditions (i.e., low-N). In Table 2 , the results additionally demonstrate that 44% of the genotypes that belonged in the top HY group grown under OP conditions remained in the HY group in the LOW condition. Similarly, 19% of the genotypes in the OP condition LY group were also in the LOW condition LY group. This suggests that while high yield under both low-N and optimal-N conditions is not completely exclusive, previous breeding efforts have perhaps been more focused on yield in optimal conditions without considering the robust performance of a genotype in other potential growing conditions (i.e., low-N). The results shown in Figure 5 demonstrate that all the color calibration correlation R 2 were higher than 0.80, with most falling close to 0.90. With respect to the Lumix GX7, we can see the highest determination coefficient was the green channel, followed by the b*.; for the Olympus Camera the highest was b*, followed by the blue channel. While the L values from the CIELab color space were among the furthest from the 1:1 comparison line with high y-axis intercepts, the associated a* and b* linear correlations were among the closest to a 1:1 ratio with intercepts close to 0. and CIELab color space (j-l) (n = 24). Figure 6 shows that the vignetting effects observed for the both color spaces with respect to the yand x-axes were minimally present for the RGB color spaces and reduced for a* and b* in CIELab. 
The Performance of Remote Sensing Indices and Field Sensors Assessing Grain Yield
No significant differences were found between quartile groups for any of the RGB indices from the aerial or ground level, as seen for GGA at ground level. The correlations were calculated for GY with both levels of RGB indices at LOW (Table 3 ). In the case of UAV RGB VIs, GGA was best correlated with GY followed by CSI, followed by saturation and GA. For ground RGB VIs the closest correlations were observed with hue, GGA (values between 0.248 and 0.685), and NDLab (values between 0.3953 and 0.8290). The rest of the RGB VIs were somewhat weaker with respect to the GY, but many were still significant. Additionally, the field sensors presented some close correlations with GY (Table 3) , as well as significant differences between genotypes when grouped by quartile (data not shown), the strongest was SPAD V (taken in the vegetative stage closer to the RGB VIs), which only indicated differences between HY and LY, followed by SPAD V and finally NDVI, both of which were recorded in the vegetative stage (see Figure 3) . SPAD measurements exhibited the highest correlations (Table 3 ) with respect to all indices with SPAD V being the highest followed by SPAD R (taken in the reproductive stage much later than the other measurements for temporal comparisons only). While the calibration check for the RGB images taken from both cameras demonstrated high correlations ( Figure 5 ), the result of applying the calibration coefficients to the data resulted in both cases in lower correlations between the vegetation indices at different scales, as well as lower correlations between the RGB indices with GY (data not shown). Moreover, the results demonstrated low presence of vignetting effects, with reduced vignetting in the luminescence-controlled CIELab and CIELuv color spaces of particular interest for this study (Figure 6 ).
No significant differences were found between quartile groups for any of the RGB indices from the aerial or ground level, as seen for GGA at ground level. The correlations were calculated for GY with both levels of RGB indices at LOW (Table 3 ). In the case of UAV RGB VIs, GGA was best correlated with GY followed by CSI, followed by saturation and GA. For ground RGB VIs the closest correlations were observed with hue, GGA (values between 0.248 and 0.685), and NDLab (values between 0.3953 and 0.8290). The rest of the RGB VIs were somewhat weaker with respect to the GY, but many were still significant. Additionally, the field sensors presented some close correlations with GY (Table 3) , as well as significant differences between genotypes when grouped by quartile (data not shown), the strongest was SPAD V (taken in the vegetative stage closer to the RGB VIs), which only indicated differences between HY and LY, followed by SPAD V and finally NDVI, both of which were recorded in the vegetative stage (see Figure 3) . SPAD measurements exhibited the highest correlations (Table 3) with respect to all indices with SPAD V being the highest followed by SPAD R (taken in the reproductive stage much later than the other measurements for temporal comparisons only). Table 3 . Grain yield correlations in LOW with all proximal remote sensing variables from the RGB images taken from the UAV aerial platform, RGB images from the ground, and leaf chlorophyll content (SPAD) and normalized difference vegetation index (NDVI) field sensors. These indices are defined in Sections 1 and 2. Levels of significance: *, P < 0.05; ***, P < 0.001. GGA; GA; NDLab, normalized difference between a* and b*; NDLuv, the normalized difference between u* and v*; CSI, crop senescence index; TGI, triangular greenness index; and NGRDI, normalized green-red difference index. The correlation coefficients between the hue, u*, GA, and GGA remote sensing indices evaluated at ground level versus the same indices measured from the UAV were quite strong (Table 4 ). In addition, most of these indices showed slopes close to 1:1 and correlations reaching r = 0.766. In contrast, the relationships reported for the remaining RGB indices, such as intensity, lightness, TGI, and NGRDI were lower. With regards to ANOVA, the results showed that there were statistically significant differences between all the RGB indices at ground level with the aerial observation level, except for saturation from the HSI color space. Table 4 . Correlation coefficients between the remote sensing UAV RGB VIs and ground RGB VIs. These indices are defined in Section 1 and further detailed in Section 2. Levels of significance: *, P < 0.05; **, P < 0.01, ***; P < 0.001; ns, not significant. GGA, GA, NDLab, NDLuv, CSI, TGI, and NGRDI. 
GY
Agronomic Parameters and Their Effect on Yield
Finally, for agronomic data parameters, the correlations with GY (Table 5) , the results showed that all the agronomic data indicators performed differently between OP and LOW conditions. For LOW conditions, the indices that were better correlated with GY were ASI and AD. The other two indices (PH and SEN) showed very low correlations with GY. In OP conditions, the agronomic parameters showed very low correlations with GY. Table 5 . Grain yield correlations with different indices of agronomic data, such as PH, SEN, AD, and ASI. Correlations were studied across plots in LOW and OP conditions. Levels of significance: *, P < 0.05: **, P < 0.01; ***, P < 0.001; ns, not significant. Figure 7 shows the correlations of the most relevant agronomic parameters and indices with GY; it was considered that these could be complimentary in multivariate models because ASI and AD show negative correlations with respect to GY, whereas the other indices present positive correlations with GY. As such, in Table 6 we present the stepwise multivariate linear models for explaining grain yield using different selections of non-destructive UAV RGB VIs and ground RGB VIs at additional field sensor and agronomic data as indicated using both forward and backward stepwise selection techniques with a standard Akaike information criterion (AIC) selection criterion. We also present the determination coefficients (R 2 ) and the residual standard error (RSE). All three models presented were found to be significant at the P < 0.001 level. Where noted, (*) indicates simplified formulas, meaning that in using stepwise selection these formulas were considered to have an excess of nonsignificant parameters and were reduced accordingly (only significant parameters with the strongest individual correlation to yield were selected in the case of auto-correlation detected between two multivariate parameters). Table 6 . Multilinear regressions (stepwise) of GY in LOW as the dependent variable comparing the different categories of remote sensing traits: UAV and ground RGB VIs (these indices are defined in Section 1), agronomic data such as ASI, AD, SEN, and PH, and NDVI and SPAD. R 2 , determination coefficient; RSE, Residual Standard Error. Level of significance: ***, P < 0.001. (*) simplified formulas.
GY
Multivariate Models
Parameters
Stepwise Equations variations regarding agronomic data plus ground RGB VIs level was 63%, but in Table 5 , we show the simplified formula explaining 58% of variance. With respect to combining agronomic data with UAV RGB VIs, the result was similar at 62%, but we show the simplified formula with 60% of the yield that may be explained by mostly agronomic data and combined with other indices, such as NDLab, NDLuv, and Saturation. Combining the agronomic data, field sensors and RGB VIs provided little improvement in the multivariate model explaining the yield, whereas, in comparison, more parsimonious models combining only AD, ASI, and only either the NDLab or NDLuv RGB indices still explained over 50% of the variation in yield (data not shown). 
Discussion
The Effect of Managed Low Nitrogen on Grain Yield
Nitrogen (N), after water, is the single most important input for maize production. It plays a major role in establishing optimal photosynthetic capacity during key growth stages for crops to achieve high yields [18, 61] . N deficiency reduces leaf chlorophyll content, soluble protein content, photosynthetic rate, and related enzyme activities of the maize plant during grain filling [62] [63] [64] . For that reason, the GY of all the 64 genotypes was assumed to have been strongly affected by the lack of nitrogen in LOW conditions. There were significant differences noted in GY by genotype, but in Table A1 we can see that OP treatment presented many more different groups, and because of that, the genotypes were divided into quartiles for the sake of comparisons across growing conditions. (Figure 4 ). These four groups showed differences between each other with respect to grain yield. Nitrogen is especially plentiful in leaves, mainly in photosynthetic enzymes, where it may account for up to 4% of the dry weight. Because N uptake, biomass production, and grain yield are strongly correlated, the N requirement of a maize crop has even been directly related to grain yield; it has been estimated that 187 kg/ha N is required to produce 9.5 t/ha yield, 98 kg/ha is required for 5.0 t/ha, and 40 kg/ha is required for 2.0 t/ha [17] . Following these guidelines, the concentration for the optimal condition was around 200 kg/ha and that for the low managed nitrogen condition was around 40 kg/ha, thus indicating that many of the genotypes tested here have already been somewhat adapted to the managed low nitrogen conditions; however, those that showed the best and most consistent adaptation were the genotypes of the HY quartile, some of which appeared in HY in both LOW and OP (Table 2) . In some cases, it has been reported that the genotypes selected under LOW fertilization input are not truly adapted to N-rich soils [65] ; however, it has been suggested that when the plant material performs relatively well under low-N input conditions, it should be selected under N deficiency conditions for which yield reduction does not exceed 35-40% [66] . Here, in comparison with the same panel of maize genotypes grown under optimal conditions, 44% of the genotypes that were in the highest yield producing quartile under OP conditions remained in the highest quartile when grown under LOW conditions, further suggesting that low N productivity is not necessarily exclusive of high productivity in OP conditions. The GYLI results also show that there was a large amount of genotypic variability present (Table A1) , again suggesting that the genotypes selected for this study behaved quite differently physiologically under the two nitrogen conditions.
Effect of Managed Low Nitrogen on Agronomic Parameters
A higher reduction in maize yield under stress environments can often be partly explained by the wider date range of ASI under stress, as ASI typically has a high negative correlation with GY under stress conditions [67, 68] . In Figure 7 , we demonstrated that AD and ASI exhibit negative significant relation in low-N conditions correlations when the plants were under stress, as these parameters decreased with increasing yield. Genotypes with a short ASI have been suggested to possess greater efficiency in biomass partitioning to ear and tassels at flowering than those with a long ASI [69] . On the other hand, the correlation results in OP conditions do not indicate any relationship between GY and ASI or AD (Table 5 ). Similar studies showed that high GY under a range of stress intensities is associated with a short ASI and earlier flowering dates, increased plant and ear height, increased number of ears per plant, and delayed leaf senescence [69, 70] .
Besides ASI, traits related to high photosynthetic capacity (e.g., chlorophyll content) and plant water content (e.g., stomatal conductance) have often been reported to contribute to higher GY under drought stress [71] . When maize flowers under drought, there is a delay in silking, and the period between male and female flowering increases giving rise to ASI. In this study, however, drought stress was minimal due to the adequate rainfall recorded during the study field season (700 mm), and also further supported by the lack of correlation between ASI and AD with GY in the OP conditions (Table 5 ). In generally optimal agronomic conditions, these phenological characteristics are not always good estimators of yield. In contrast, the rest of the agronomic parameters here showed similar relation with GY variability. These results suggest that this technology could be applied in an adapted way to water stress studies, even though it was not the specific aim of this research.
Remote Sensing Indices and Field Sensors
Color and Vignetting Calibration
Figure 5a-c,g-i show the correlations between the R, G, and B values from of each digital camera with respect to the standard values for R, G, and B from the X-Rite ColorChecker Passport. Some lamination effects can be observed as values from the camera appearing higher than the standard, though still with good correlation. However, in Figure 5e ,f,k,l of the a* and b* images, the light effects are less pronounced, with a ratio closer to 1:1 due to the CIELab color space separation of lightness from color hue values [72] . Regarding the color calibration, the results show that the determination coefficients between the values of the ColorChecker passport and the values for each camera were high (most near R 2 ≈ 0.90), suggesting that the photos were not in need of a separate color calibration [73] . Indeed, application of the color calibration coefficients did not result in any improvements in RGB vegetation index performance with regards to grain yield or yield loss estimation (data not shown).
With respect to vignetting effects, in Figure 6a ,b, the graphics of three RGB channels present a small sad smile along the axis, showing some brightness attenuation away from the image center [74, 75] . Nevertheless, this did not represent any significant differences between the DN values of extremes of each side respect to the DN of center (data not shown). On the other hand, Figure 6c ,d present minimal variation along the axis. This was expected as a* and b* color spaces are independent of the image lightness and thus absent of vignetting effects. Thus, while the RGB VIs are passive sensors and dependent on ambient light conditions, the use of the alternate color spaces, such as CIELab, provides for inherent lightness correction and enables their use in variable conditions similar to active sensors, such as the NDVI GreenSeeker.
Performance of RGB VIs and Additional Field Sensors
The ground RGB VIs hue, GGA, and NDLab demonstrated the best correlations with GY, outperforming other ground RGB VIs (Table 3) . GA and GGA quantify the portion of green pixels to the total pixels of the image and is a reliable estimation of vegetation cover [76] . The values of GA from both observation levels (field and aerial) were consistently below 60%. The ground and aerial measurements were taken at the same time on the same day, variation in environmental variables, such as light intensity and brightness can be assumed to be negligible. Thus, the main differences must be due to the resolution of the images ( Figure 2) ; nevertheless, advances in digital photography allow for sufficiently high resolution for low-altitude aerial imaging to be a viable and economical monitoring tool for agriculture [77] . In this sense, correlations with GY by indices derived from aerial images were generally only slightly weaker than indices measured at ground level, most likely demonstrating a trade-off between them. Some of the RGB indices, such as NDLab, GGA, and GA produced coefficients of correlation higher than r = 0.75 when comparing the same indices measured from the ground level and from the aerial platform (Table 4) . This is despite different acquisition/imaging techniques (full plot for UAV RGB VIs vs. one image per plot at higher resolution covering only a portion of the plot for the ground RGB VIs). On the other hand, none of the UAV RGB VIs and ground RGB VIs showed significant differences between adjacent quartiles. This may be best explained considering that the data for our study were collected at an early phenological (vegetative) stage, when the plants were not yet at full canopy cover, and they did not yet show the full range of symptoms of N deficiency, as may be observed in the reproductive stage (Figure 3) . N deficiency can reduce plant growth rates, but also other later factors that affect GY, including leaf chlorophyll content, soluble protein content, photosynthetic rate, and related enzyme activities of the maize plant during grain filling in the reproductive stage [78] [79] [80] , which may be a more optimal timing of remote sensing observations when phenotyping low N.
NDVI has been used with satisfactory results in many predictive models of yield in multiple crops, including wheat, barley, and maize at the field level [54, 81] , even at regional or state levels using field, airborne, and satellite imagery [82] [83] [84] . Regarding NDVI, the values clearly highlight (Figure 7) that the variability was low, with more than 90% of values being in the range of 0.55-0.80. These results support the previously reported saturation of the index, such that increasing leaf area does not involve a parallel increase in NDVI values [83, 85, 86] . Furthermore, other authors have noted that the optimal stages for measuring NDVI vary depending on the germplasm and environment [87, 88] . Better performance of NDVI usually occurs at earlier or later growth stages, depending on the crop and symptoms, because at maximum vegetation cover, NDVI values often saturate, and thus, correlation with GY decreases [38] . Furthermore, other studies comparing the performance of RGB VIs with frequent data acquisitions throughout the crop growing cycle and NDVI indicate that RGB VIs respond with higher correlations with GY earlier than NDVI [57] .
SPAD is used to measure relative chlorophyll content in plant leaves, and it has been effectively used to diagnose N status and predict GY potential in maize [89] . Leaf level chlorophyll meters provide a convenient and reliable way to estimate leaf N content during vegetative growth [90] and over a large time range even after anthesis [91] . With specific mention regarding the two different measurement dates, SPAD V and SPAD R (Table A2) , there are some notable differences related, in this case, to the date of measurement, having been one of the few sensors available to the field crews on-site to do multiple measurements. In the first measurement, SPAD V , the results showed significant differences between the HY, MHY, and MLY groups in comparison with the LY group. These are interpreted as symptoms of lack of nitrogen. With regards to the second measurement, SPAD R , it was possible to identify the differentiation of HY groups in comparison with MHY and MLY and, additionally, these three from the LY group. This is interpreted as a decline in relative chlorophyll content of the leaves measured between the two SPAD measurements. This is because when crops were younger at SPAD V , when still developing roots and leaves, they may behave as sink organs for the assimilation of N and the synthesis of amino acids originating from N uptake before flowering [92] . After flowering, at SPAD R , the N accumulates in the vegetative parts of the plant and is remobilized and translocated to the grain [93] . In most crop species, a substantial amount of N is absorbed after flowering to contribute to grain protein deposition [89] in V8-R1. Similarly, Teal et al. [94] also reported a strong association between grain yield and NDVI between the V6 and V8-R1 growth stages of maize, again between the timing of SPAD V and SPAD R , but after the remote sensing observations were recorded. Finally, the increased performance of SPAD V compared with SPAD R , closer to the RGB and NDVI data acquisition date, was promising in that earlier stage of image data capture for field phenotyping, which may reduce crop breeding costs with earlier variety selection and increased crop cycles per year.
Multivariate Model Assessment
The vegetation indices derived from conventional digital RGB images have been proposed as means of estimating green biomass and GY in maize and other cereals under stress conditions [95] , and in other studies in wheat grown under different stress conditions [38, 43, 96] . The multivariate regression models revealed the most appropriate parameters for field phenotyping towards improving GY in managed low-nitrogen conditions. Using all the UAV RGB VIs and ground UAV VIS, the multivariate models explained GY at around R 2 = 0.30 (data not shown). That could be a result of the fact that the data capture of RGB VIs were taken earlier than the SPAD V and SPAD R , and at later growth stages, the plants may have presented more symptoms related to a lack of nitrogen. However, all of the regression models with a R 2 higher than 0.50 included some of the agronomic data as independent variables. Additionally, GY estimation was similar in the cases of agronomic data combined with field sensors with respect to agronomic data combined with UAV RGB VIs and ground RGB VIs (all having approximate R 2 values of 0.60). With respect to the RSE in these three different multivariable models, they adapt to a 50% coefficient of determination. As such, our study suggests that these phenological traits still provide useful information related to grain yield in abiotic stress conditions, but that they may be potentially supplemented by UAV RGB VIs and ground RGB VIs phenotyping platforms. Still, RGB image analyses were able to improve over agronomic data alone, increasing the R 2 values to explain more than half of the variance in the yield, suggesting that they are complimentary in the information that they are able to provide. Furthermore, the UAV RGB VIs in this study were acquired quite early in the growing season, which may help to provide for faster selection of varieties, thus reducing costs and increasing the number of crop cycles per year.
Additionally, RGB VIs may provide considerable saving with regards to field equipment and human time, considering that RGB data capture and processing of 200 plots took approximately 10 min in the field (counting flight and preparations), 20 min to mosaic (unattended on the computer), and half an hour to extract and process the data (semi-automatic), totaling 60 min, excluding drone preparation prior to flying. In the case of RGB image data capture and processing, the field portion would be approximately double, while the computer processing would be about half, totaling about the same amount of time in the case of 200 plots. With respect to time costs while implementing the use of SPAD or field-based GreenSeeker NDVI, the estimated time for measurement would be over five times greater (e.g., 2 min per plot × 200 plots = 400 minutes). Moreover, NDVI evaluation from the ground may not be easy to implement when plants are reaching the reproductive stage. Furthermore, with larger phenotyping trials, the time savings of the UAV RGB VIs would represent even greater time savings while retaining the same data quality; up to 1000 plots may approximately double the amount of time needed to process the data, while the field sensors would increase linearly and take five times as long, representing over a 10-fold time difference at larger study scales. Thus, the implementation of higher throughput UAV RGB VIs may make the most sense in combination with some of the quicker traditional agronomic measurements and can also result in substantial time cost savings when applied in large platform breeding programs.
In a recent study by Gracia-Romero et al. in 2017 [97] , the effectiveness of UAVs for canopy level remote sensing for plant phenotyping of maize was similarly demonstrated under different phosphorus nutrient conditions and the results presented therein suggested that the RGB indices were the best option at early growth stages. In the case of low P, however, an equation using GA and u* were the best indicators of GY (R 2 = 0.82). Even though applied to a different crop in that case, reflectance in the near-infrared (NIR) and blue regions was found to predict early season P stress between growth stages V6 and V8, much earlier than suggested for N deficiencies. With respect to plant N concentrations, the best correlations have been found using reflectance in the red and green regions of the spectrum, while grain yield was best estimated using reflectance in the NIR region, with the wavelengths of importance changing with growth stage (V14-R1) [98, 99] . Furthermore, Ma et al. [100] showed that canopy light reflectance is strongly correlated with field "greenness" (similar to the GA and GGA used in this study) at almost all growth stages, with field greenness in that case being a product of plant leaf area and leaf greenness measured with a chlorophyll meter.
Conclusions
Modern phenotyping technologies may help in improving much-needed maize GY in low-N conditions, and the current range of variability in performance as indicated by the observed GYLI values suggests that low-N and optimal-N performance need not be considered mutually exclusive. For HTPP, RGB sensors can be considered to be functional technology with an advanced technology readiness level (TRL) from the ground or a UAV platform, but, similar to the current standard field sensors SPAD and NDVI, the data capture for RGB VIs must be planned accordingly in order to optimize their benefits in support of plant breeding. Several different RGB image-based vegetation indices, including the NDLab and NDluv indices new to this study, demonstrated similar correlations with GY and contributions to multivariate model GY estimates when compared with standard NDVI and SPAD field phenotyping sensors. This study presents possible uses of RGB color image analyses from the ground or from UAVs, with potential benefits compared with currently used field sensors, especially regarding time costs when applied to larger breeding platforms, here demonstrated in application to low-N phenotyping in maize. 
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